Abstract: Titanium alloys are widely used in various applications including biomedicine, aerospace, marine, energy, and chemical industries because of their superior characteristics such as high hot strength and hardness, low density, and superior fracture toughness and corrosion resistance. However, there are different challenges when machining titanium alloys because of the high heat generated during cutting processes which adversely affects the product quality and process performance in general. Thus, optimization of the machining conditions while machining such alloys is necessary. In this work, an experimental investigation into the influence of different cutting parameters (i.e., depth of cut, cutting length, feed rate, and cutting speed) on surface roughness (Rz), flank wear (VB), power consumption as well as the material removal rate (MRR) during high-speed turning of Ti-6Al-4V alloy is presented and discussed. In addition, a backpropagation neural network (BPNN) along with the technique for order of preference by similarity to ideal solution (TOPSIS)-fuzzy integrated approach was employed to model and optimize the overall cutting performance. It should be stated that the predicted values for all machining outputs demonstrated excellent agreement with the experimental values at the selected optimal solution. In addition, the selected optimal solution did not provide the best performance for each measured output, but it achieved a balance among all studied responses.
Introduction
Titanium alloys are widely used in various applications including aerospace, marine, biomedicine, energy, and chemical industries. When compared to other materials, titanium alloys show low density, high hot strength and hardness, and superior corrosion resistance and fracture toughness. Due to the fact of its well-known combination of mechanical and thermal properties, the industrial interest in the use of this type of alloy recently generated a dramatic increase in demand [1, 2] . High hot strength and hardness promote premature tool wear and failure. In addition, high chemical reactivity and low thermal conductivity accelerate the tool wear and premature failure [3, 4] . Considering that the majority of titanium parts are manufactured by machining processes and have very restricted tolerance and high-quality surface finishing requirements, different industries need to overcome the problems associated with titanium alloy machining. Liang et al. [5] conducted an extensive review discussing the effect of tool wear on surface integrity when machining nickel and titanium alloys and discussed how fast the tool wear could deteriorate the machined surface. They showed evidence that the reduction of contact regions and clearance angle increments due to the tool wear directly changed the heat distribution and stressed state during the cutting process. The additional thermo-mechanical loads generated by the altered heat and stress distribution can affect the mechanical properties, microstructural states, and surface topography. It should be stated that these modifications of machined surface and subsurface areas affect the functional characteristics and lifespan of manufacturing components. Therefore, a machinability assessment should be considered in the development of the manufacturing processes to ensure the desired surface integrity of the machined workpieces as mentioned in the open literature [6, 7] . In addition, the selection of appropriate machining parameters is necessary to increase the life of the cutting tool and control the machining costs [8] .
Many studies have been conducted in attempts to enhance titanium alloys' machinability or to identify optimum machining parameters. Wang et al. [9] investigated high-speed milling on titanium-6aluminum-4vanadium alloy using a binderless cubic boron nitride (CBN) cutting tool and observed that an increase in the depth of the cut and feed rate induced higher resultant cutting forces. Although, when the cutting speed was increased, the resultant cutting forces decreased. Kechagias et al. [10] used full factorial and Taguchi design for machinability prediction in the turning of titanium alloys. They also showed that resultant cutting forces increased with an increase in the feed rate and depth of cut and concluded that the design of the experimental technique could effectively be used to evaluate the machinability of such materials. However, these studies focused only on analyzing the influence of each cutting parameter and did not cover surface integrity or machining costs. To optimize the machining processes performance, many multi-objective techniques (e.g., genetic algorithm (GA), particle swarm optimization (PSO), harmony search (HS), artificial bee colony (ABC), ant colony optimization (ACO), fuzzy logic system (FLS)) have been successfully used in the open literature [11] [12] [13] . Thus, offering an optimized scenario that can cover different machining outputs and aspects is necessary, especially when machining titanium alloy or any other difficult-to-cut material.
The present study is an investigation into the influence of different machining parameters (i.e., cutting speed (v), feed rate (f), depth of cut (d), and cutting length (l)) on surface roughness (Rz), flank wear (VB), power consumption as well as material removal rate (MRR) when using high-speed turning Ti-6Al-4V alloy. A full factorial experimental design (L48OA) was used to carry out experiments, and then all input and output data were optimized by applying a TOPSIS-fuzzy integrated approach. Such a multi-objective optimization technique is powerful and can offer a reliable solution and a balance among all included outputs. It also helps to provide different solutions that can offer enough flexibility for the decision maker to select the most appropriate cutting conditions based on the desired objectives.
Materials and Methods
The material used in this paper was "titanium-6aluminum-4vanadium". It is used for a wide range of applications such as in marine, power generation, aerospace, and offshore industries. Ti-6Al-4V is the most popular of the titanium alloys. Table 1 shows the chemical composition, while Table 2 shows its mechanical properties. The CNC Turning machine, Emco Concept Turn 45 (Austria), fitted with Sinumeric 840-D digital system (Siemens, Waltershausen, Germany) was used for machining. All machining tests were conducted through a CNC part program. The codes for the used tool holders and inserts (Sandvik, Sweden) are SVJCL2020K16 and VBMT160404-VBMT331-PM, respectively. The specifications of the inserts were nose radius: 0.4; clearance angle: 7 • ; and cutting-edge angle: 75 • . All experiments were conducted with cutting fluid conditions using a cooling pump (2.2 KW). The test rig for machining the workpieces is shown in Figure 1 . In this paper, the CNC machine power consumption was determined by connecting the machine's power lines with two measuring types: Tactix 403057 multi-meters (Meridian International Co. Ltd., Hecho, China). The first one was used to measure the voltage (V), and the second one for measuring the current (I). The power (P) was calculated according to Equation (1) .
where φ is the power factor, one multi-meter is connected to one power line to measure the current (I), and the other is connected to the other two power lines to measure the voltage (V). The load power factor was taken from the datasheet. The accuracy of the equipment was 2% at full scale. The power was averaged over three readings. Regarding measuring the surface roughness, a surface roughness apparatus was used to measure the surface roughness values (Rz). For measuring the tool flank wear (VB), a digital optical microscope equipped with digital readouts was used. The CNC Turning machine, Emco Concept Turn 45 (Austria), fitted with Sinumeric 840-D digital system (Siemens, Waltershausen, Germany) was used for machining. All machining tests were conducted through a CNC part program. The codes for the used tool holders and inserts (Sandvik, Sweden) are SVJCL2020K16 and VBMT160404-VBMT331-PM, respectively. The specifications of the inserts were nose radius: 0.4; clearance angle: 7°; and cutting-edge angle: 75°. All experiments were conducted with cutting fluid conditions using a cooling pump (2.2 KW). The test rig for machining the workpieces is shown in Figure 1 . In this paper, the CNC machine power consumption was determined by connecting the machine's power lines with two measuring types: Tactix 403057 multimeters (Meridian International Co. Ltd, Hecho, China). The first one was used to measure the voltage (V), and the second one for measuring the current (I). The power (P) was calculated according to Equation (1) .
where is the power factor, one multi-meter is connected to one power line to measure the current (I), and the other is connected to the other two power lines to measure the voltage (V). The load power factor was taken from the datasheet. The accuracy of the equipment was 2% at full scale. The power was averaged over three readings. Regarding measuring the surface roughness, a surface roughness apparatus was used to measure the surface roughness values (Rz). For measuring the tool flank wear (VB), a digital optical microscope equipped with digital readouts was used. In terms of the design of the experiments, a full factorial array was used. Three speed levels (i.e., 100 m/min, 200 m/min, and 300 m/min), two levels of feed rate (i.e., 0.05 mm/rev and 0.15 mm/rev), two depth of cut levels (i.e., 0.1 mm and 0.3 mm), and four cutting lengths (i.e., 5 mm, 40 mm, 80 mm, and 120 mm) were included. Thus, a full factorial array (L48OA) was used to cover all possible combinations for reliable optimization purposes. In the next section, more details are provided for the multi-objective optimization methodology using the TOPSIS-fuzzy integrated approach. In terms of the design of the experiments, a full factorial array was used. Three speed levels (i.e., 100 m/min, 200 m/min, and 300 m/min), two levels of feed rate (i.e., 0.05 mm/rev and 0.15 mm/rev), two depth of cut levels (i.e., 0.1 mm and 0.3 mm), and four cutting lengths (i.e., 5 mm, 40 mm, 80 mm, and 120 mm) were included. Thus, a full factorial array (L48OA) was used to cover all possible combinations for reliable optimization purposes. In the next section, more details are provided for the multi-objective optimization methodology using the TOPSIS-fuzzy integrated approach.
Optimization Methodology
This section describes the methodology used in the recent work for modeling and optimization of CNC machining parameters. Figure 2 presents the sequence of tasks conducted while machining Ti-6Al-4V. 
This section describes the methodology used in the recent work for modeling and optimization of CNC machining parameters. Figure 2 presents the sequence of tasks conducted while machining Ti-6Al-4V. Backpropagation Neural Network (modeling step): A backpropagation concept with a complex system of weight space was first discussed by Kelley [14] and Bryson [15] for the minimization of errors. However, Dreyfus [16] used the simplified version of backpropagation coupled with a chain rule only. After that, the first neural network with a specific application of backpropagation was described by Werbos [17] . The publication of the related methodology started in 1985 with Parker [18] . In backpropagation neural networking, weights are assumed for the modeling purpose. The neural network is applied in such a way that it should resemble the very common element of biological neurons. Since it is affected by the biological system; therefore, the architecture of the neural network possesses a number of neurons and connections. The architecture of the backpropagation neural network (BPNN) consists of three layers, i.e., input layer, hidden layer, and output layer, which collectively provide the output with training, validation, and testing. Figure 3 depicts the architecture of BPNN according to the studied machining case model. In this architecture, cutting speed, feed rate, depth of cut, and cutting length are kept in the input layer while MRR, Rz, flank wear, and power consumption are in the output layer.
Data Normalization using TOPSIS: The values of the response characteristics were varied in terms of magnitude and units. The normalization of data is a critical step in optimization problems. As the range of the response characteristics is very wide therefore normalization converts them into some comparable numbers. This helps to obtain a dimensionless number from the diverse measurement of response which is further utilized for ranking purposes in decision-making problems [19] . The below-mentioned steps were followed to convert the number of contrary responses into a single dimensionless performance index:

In the first step, the attribute of the response variables is identified along with their categorization; Backpropagation Neural Network (modeling step): A backpropagation concept with a complex system of weight space was first discussed by Kelley [14] and Bryson [15] for the minimization of errors. However, Dreyfus [16] used the simplified version of backpropagation coupled with a chain rule only. After that, the first neural network with a specific application of backpropagation was described by Werbos [17] . The publication of the related methodology started in 1985 with Parker [18] . In backpropagation neural networking, weights are assumed for the modeling purpose. The neural network is applied in such a way that it should resemble the very common element of biological neurons. Since it is affected by the biological system; therefore, the architecture of the neural network possesses a number of neurons and connections. The architecture of the backpropagation neural network (BPNN) consists of three layers, i.e., input layer, hidden layer, and output layer, which collectively provide the output with training, validation, and testing. Figure 3 depicts the architecture of BPNN according to the studied machining case model. In this architecture, cutting speed, feed rate, depth of cut, and cutting length are kept in the input layer while MRR, Rz, flank wear, and power consumption are in the output layer.
 In this step, the weighted normalized value is evaluated using Equation (3). The weights are predicted depending upon the importance of the respective response characteristics. In the present work, all the response characteristics were given equal importance, i.e., 0.33. Optimization with TOPSIS-Fuzzy: The fuzzy approach is basically utilized for uncertain data and can provide a solution for real-time applications. These applications have numerous advantages as they are easy to understand, allow quantitative comparison, and are less complex [20, 21] . The implementation steps of hybrid the TOPSIS-fuzzy technique for computation of CNC machining parameters for optimum responses are as follows:
In the first step, experimental data are initialized;  In the second step, the normalization of the response characteristics are done using TOPSIS according to the weightage provided to each response;  In the third step, the fuzzy logic system (FLS) is developed, where three sub-steps, namely, "fuzzification", fuzzy rule development, and "defuzzification" are performed. In this step, the input data are converted into the degree of membership using one or more functions known as membership functions (MFs). Depending upon the categorization of the input and output data, the membership functions can be three, five, or even higher. Triangular MFs are always preferred due to the crisp value of the ultimate result. Therefore, the TOPSIS-fuzzy performance index (TFPI) is evaluated using the different MFs in the constant interval. Fuzzy rules are • In the first step, the attribute of the response variables is identified along with their categorization; • In the second step, the normalized matrix is developed using Equation (2);
• In this step, the weighted normalized value is evaluated using Equation (3). The weights are predicted depending upon the importance of the respective response characteristics. In the present work, all the response characteristics were given equal importance, i.e., 0.33.
Optimization with TOPSIS-Fuzzy: The fuzzy approach is basically utilized for uncertain data and can provide a solution for real-time applications. These applications have numerous advantages as they are easy to understand, allow quantitative comparison, and are less complex [20, 21] . The implementation steps of hybrid the TOPSIS-fuzzy technique for computation of CNC machining parameters for optimum responses are as follows:
•
In the first step, experimental data are initialized; • In the second step, the normalization of the response characteristics are done using TOPSIS according to the weightage provided to each response; • In the third step, the fuzzy logic system (FLS) is developed, where three sub-steps, namely, "fuzzification", fuzzy rule development, and "defuzzification" are performed. In this step, the input data are converted into the degree of membership using one or more functions known as membership functions (MFs). Depending upon the categorization of the input and output data, the membership functions can be three, five, or even higher. Triangular MFs are always preferred due to the crisp value of the ultimate result. Therefore, the TOPSIS-fuzzy performance index (TFPI) is evaluated using the different MFs in the constant interval. Fuzzy rules are developed by the if-then control system based on "higher the better" type attributes [22] . These rules set a relationship between the inputs and output via a collection of philological statements [23] . The crisp value of TFPI is obtained after the incorporation of the center of gravity "defuzzification".
The crisp values of the TFPI obtained in the third step were analyzed by the statistical solver tool Minitab using analysis of variance (ANOVA), and empirical models were developed using regression analysis. Table 3 presents the experimental matrix (i.e., experimental combinations of process parameters) and corresponding values of responses. This was used as a source of data for the TOPSIS normalization. 
Results and Discussions

BPNN Modeling
The main mechanism running behind backpropagation is the partial derivative ∂C/∂w. Here, "C" is the cost function, and "w" is any weight (or bias "b") in the network. This partial derivative defines how quickly the cost of any function varies after a small variation in the weight (or bias). The significant advantage of BPNN is that each element has a spontaneous and natural interpretation if complexity exists. Therefore, BPNN not only provides a fast processing algorithm but also provides insights. The calculations in this take place as per Equations (4)- (6) .
where µ is the data's mean, σ is the standard deviation of the data, and k = 2.58 (for 99%).
where, p = 1, 2, 3 . . . 48; σ min = 1; σ max = 48; N = 48. The following steps were taken for the BPNN modeling. In the first step, 48 experimental data sets were specified. Sixty percent of the data from those specified data sets were used for training, 20% for validation, and 20% for checking the planned model; In the next step, the smoothing parameter was acquired by a technique called cross-validation. The optimum adaptive parameter (σ) was assessed to the keep cross-validation error to a minimum using a grid search technique. In the third step, the scalar function (Yi) was obtained, where i = 1 to 48 and shows the entire experimental data sets. In the fourth step, the coefficient was calculated using Equation (4), incorporating the values of Di and σ. In the radial layer through step 5, the real output data set Y i was multiplied with the exponential term, respectively. In the sixth step, the probability density function (PDF) was calculated with the help of spare neurons in the regression layer. The successively weighted average of the BPNN output parameters was calculated within the experimental array. This last step was validation and testing, as mentioned in Step 1, and 40% of the data was used for this purpose. The kernel width (σ) was the only adaptive parameter, where a smaller value showed overfitting of the data, and a higher value showed over smoothing. So, the optimum value of kernel width was obtained using the grid search method. Equation (5) was used for the execution of cross-validation of kernel width for obtained "N" values. 
Multi-objective Optimization Results
After experimentation, the optimal machining parameters for contradictory response characteristics (i.e., MRR, the higher the better; Rz; VB; power, the lower the better) have been investigated by a TOPSIS-fuzzy-based hybrid approach. The implementation procedure has already been discussed in the optimization methodology section. The decision matrix was initialized, and the normalization was processed according to Equations (1) and (2), providing equal weight to each response. Once the normalized values of response characteristics were obtained using TOPSIS, the fuzzy model was developed using the fuzzy interface system (FIS). "Mamdani"-type FIS provides a crisp value of the performance index (PI) by developing a membership function (MF) for input and output parameters. In the present research, a three-level fuzzy sub-set (i.e., small, medium, and large) of equal intervals was assumed for MRR, VB, and power consumption. However, for Rz, five levels were set (i.e., very small, small, medium, large, and very large). Whereas, the output response, namely, TOPSIS-fuzzy performance index (TFPI), was investigated by a seven-level subset (i.e., extremely small, very small, small, medium, large, very large, and extremely large) of equal intervals. The fuzzy rules were established to determine "TFPI" using the "if-then" statement. As per the number of levels assumed in MF, 45 rules were formed to develop the fuzzy model by the knowledge of control engineering. An example of the fuzzy rules used in the present work is described as follows:
"Rule 1: If Rz is very small and MRR is small, and VB is small, and power consumption is small, then TFPI is extremely small". The performance index after the "defuzzification" of supplied normalized input and output was generated in the form of TFPI. The values of TFPI, as predicted by the hybrid TOPSIS-fuzzy technique, are shown in Table 4 . The first four columns represent the input of weighted normalized values corresponding to Rz, MRR, and VB, while the last column corresponds to the predicted TFPI. 
Multi-Objective Optimization Results
After experimentation, the optimal machining parameters for contradictory response characteristics (i.e., MRR, the higher the better; Rz; VB; power, the lower the better) have been investigated by a TOPSIS-fuzzy-based hybrid approach. The implementation procedure has already been discussed in the optimization methodology section. The decision matrix was initialized, and the normalization was processed according to Equations (1) and (2), providing equal weight to each response. Once the normalized values of response characteristics were obtained using TOPSIS, the fuzzy model was developed using the fuzzy interface system (FIS). "Mamdani"-type FIS provides a crisp value of the performance index (PI) by developing a membership function (MF) for input and output parameters. In the present research, a three-level fuzzy sub-set (i.e., small, medium, and large) of equal intervals was assumed for MRR, VB, and power consumption. However, for Rz, five levels were set (i.e., very small, small, medium, large, and very large). Whereas, the output response, namely, TOPSIS-fuzzy performance index (TFPI), was investigated by a seven-level subset (i.e., extremely small, very small, small, medium, large, very large, and extremely large) of equal intervals. The fuzzy rules were established to determine "TFPI" using the "if-then" statement. As per the number of levels assumed in MF, 45 rules were formed to develop the fuzzy model by the knowledge of control engineering. An example of the fuzzy rules used in the present work is described as follows: "Rule 1: If Rz is very small and MRR is small, and VB is small, and power consumption is small, then TFPI is extremely small".
The performance index after the "defuzzification" of supplied normalized input and output was generated in the form of TFPI. The values of TFPI, as predicted by the hybrid TOPSIS-fuzzy technique, are shown in Table 4 . The first four columns represent the input of weighted normalized values corresponding to Rz, MRR, and VB, while the last column corresponds to the predicted TFPI. The TFPI value obtained by the TOPSIS-fuzzy method was further processed by regression analysis to convert it into an empirical relation. The regression analysis of TFPI gives the regression coefficients for input parameters, and the corresponding empirical model is provided in Equation (7). TFPI = 0.1586 -0.000118v -0.1135d -0.026f + 0.00016l (7) Figure 5 shows the residual plots for the developed empirical model. All the residuals were found on a straight line which reveals the normal distribution of residual and verifies the normality test. In the fit versus residual plot, all the residuals should be randomly distributed for an appropriate ANOVA. In the present research, this test was found to be a good fit with the experimental results. The best ANOVA is usually defined by the parabolic histogram which was observed in the present work. The fourth ANOVA test of time-variance was also satisfied in the current research. The larger the TFPI, the better the quality of the attribute; therefore, the highest level of process parameters suggests the better TFPI value. It was found that the third level of cutting speed (i.e., 300 m/min), the second level of depth of cut (i.e., 0.3 mm), the second level of feed rate (i.e., 0.15 mm/rev), and the second level of cutting length (i.e., 40 mm) provided the maximum TFPI. Therefore, the response characteristics corresponding to this setting provided the optimal solution which achieved the highest balance among all studied outputs. test. In the fit versus residual plot, all the residuals should be randomly distributed for an appropriate ANOVA. In the present research, this test was found to be a good fit with the experimental results. The best ANOVA is usually defined by the parabolic histogram which was observed in the present work. The fourth ANOVA test of time-variance was also satisfied in the current research. The larger the TFPI, the better the quality of the attribute; therefore, the highest level of process parameters suggests the better TFPI value. It was found that the third level of cutting speed (i.e., 300 m/min), the second level of depth of cut (i.e., 0.3 mm), the second level of feed rate (i.e., 0.15 mm/rev), and the second level of cutting length (i.e., 40 mm) provided the maximum TFPI. Therefore, the response characteristics corresponding to this setting provided the optimal solution which achieved the highest balance among all studied outputs. 
Results Validation
The investigated optimal solution obtained from the integrated approach was verified with an experimental test to validate the effectiveness of the used optimization approach. The proposed methodology with TFPI predicted that a cutting speed of 300 m/min, depth of cut of 0.3 mm, feed rate of 0.15 mm/rev, and a cutting length 40 mm were the optimal machining parameters setting. A comparison between the predicted and experimental values at the abovementioned cutting conditions is provided in Table 5 . It should be stated that the predicted values for all machining outputs demonstrated an excellent agreement with the experimental values at the selected optimal solution (run 46: v = 300 m/min, f = 0.15 mm/rev, d = 0.15 mm, and l = 40 mm). It also should be stated that the selected optimal solution did not provide the best performance for each measured output, as can be seen in Table 5 , but it achieved a balance among all studied responses. It can be seen that the selected solution achieved the highest possible MRR; however, it provided somehow higher values for both VB as well as Rz while consuming a medium level of power. In this study, equally weighted values were considered. However, if the required solution needed to achieve a certain level of surface quality or power consumption with less concern about the productivity aspects, customized weights for the studied machining outputs should be considered to provide different optimal solutions. In addition, based on the results provided in Tables 4 and 5 , any other solution can be selected according to the decision-maker's criteria, for example, run 41 offered a promising performance in terms of tool wear and surface quality compared to other tests (i.e., Rz = 3.281 μm and VB = 0.2 mm); however, the productivity was lower than the optimal solution provided in Table 5 , and accordingly its TFPI was 
The investigated optimal solution obtained from the integrated approach was verified with an experimental test to validate the effectiveness of the used optimization approach. The proposed methodology with TFPI predicted that a cutting speed of 300 m/min, depth of cut of 0.3 mm, feed rate of 0.15 mm/rev, and a cutting length 40 mm were the optimal machining parameters setting. A comparison between the predicted and experimental values at the abovementioned cutting conditions is provided in Table 5 . It should be stated that the predicted values for all machining outputs demonstrated an excellent agreement with the experimental values at the selected optimal solution (run 46: v = 300 m/min, f = 0.15 mm/rev, d = 0.15 mm, and l = 40 mm). It also should be stated that the selected optimal solution did not provide the best performance for each measured output, as can be seen in Table 5 , but it achieved a balance among all studied responses. It can be seen that the selected solution achieved the highest possible MRR; however, it provided somehow higher values for both VB as well as Rz while consuming a medium level of power. In this study, equally weighted values were considered. However, if the required solution needed to achieve a certain level of surface quality or power consumption with less concern about the productivity aspects, customized weights for the studied machining outputs should be considered to provide different optimal solutions. In addition, based on the results provided in Tables 4 and 5 , any other solution can be selected according to the decision-maker's criteria, for example, run 41 offered a promising performance in terms of tool wear and surface quality compared to other tests (i.e., Rz = 3.281 µm and VB = 0.2 mm); however, the productivity was lower than the optimal solution provided in Table 5 , and accordingly its TFPI was less than the optimal solution. Thus, it should be stated that the applied optimized method was not only able to provide an estimate regarding the optimal solution (highest TFPI), but it also offered a mapping system for other solutions which can be beneficial to the decision making selecting the appropriate cutting conditions according to the desired criteria. To sum up, the integrated approach showed effective capabilities to provide the optimal solution (optimal cutting conditions) which achieved a reasonable balance among all studied responses when machining Ti-6Al-4V. This is an important step towards a reliable machining system as obtained in the open literature [24] [25] [26] . 
Conclusions and Future Work
In this work, an experimental investigation into the influence of different machining parameters (i.e., cutting speed, feed rate, depth of cut, and cutting length) on surface roughness (Rz), flank wear (VB), power consumption as well as material removal rate (MRR) when high speed turning Ti-6Al-4V alloy was presented and discussed. In addition, BPNN along with the TOPSIS-fuzzy integrated approach was employed to model and optimize the overall cutting performance. A close agreement between the experimental and predicted values was observed which proves the effectiveness of the BPNN modeling to establish the relationship among the studied machining parameters and responses and their further prediction with minimum error for ready industrial use. In terms of the optimization results, it was found that the third level of cutting speed of 300m/min, the second level of depth of cut at 0.3 mm, the second level of feed rate of 0.15 mm/rev, and the second level of cutting length of 40 mm provided the maximum TFPI. Therefore, the response characteristics corresponding to this setting provided the optimal solutions which achieved the highest balance among all studied outputs. It should be stated that the predicted values for all machining outputs demonstrated an excellent agreement with the experimental values at the selected optimal solution (v = 300 m/min, f = 0.15 mm/rev, d = 0.15 mm, and l = 40 mm). It also should be stated that the selected optimal solution did not provide the best performance for each measured output, but it achieved a balance among all studied responses. To sum up, the applied optimized approach was not only able to provide an estimate about the optimal solution (highest TFPI), but it also offered a mapping system for other solutions which can simplify the selection of the appropriate cutting conditions according to the desired criteria. Regarding future work, the sustainability effect in terms of machining cost, environmental impact, and waste management will be included and optimized. Funding: This research received no external funding.
